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Introduction
The superior longitudinal fasciculus (SLF) complex is a system of association fibers that connect the parietal and frontal lobes. In the 1980's, isotope studies in the rhesus monkey demonstrated that the SLF is a system that consists of three sub-components (Petrides and Pandya, 1984; Schmahmann and Pandya, 2006a) . A similar organization was found in humans using in vivo tractography (Makris et al., 2005; Thiebaut de Schotten et al., 2011) , indicating that the parietofrontal connections can be separated into a dorsal sub-bundle termed SLF-I, a middle SLF-II and a ventrolateral SLF-III. Accurate mapping of these distinct sub-bundles has great importance both for cognitive research as well as in the clinic. The SLF sub-bundles have been linked to different cognitive functions, such as attention and visuospatial processing (Klarborg et al., 2013; Parlatini et al., 2017; Thiebaut de Schotten et al., 2011) , and microstructural abnormalities in different sub-bundles have been linked to different disorders, such as autism spectrum disorder (Fitzgerald et al., 2018) and attention deficit/hyperactivity disorder (ADHD) (Wolfers et al., 2015) .
In vivo studies of the SLF rely on diffusion MRI tractography, which aims to accurately represent the trajectory of the tract. As for other white-matter tracts, tractography results are sensitive to methodological choices such as the type of tracking algorithm (deterministic or probabilistic), the seeding strategy, and the tract segmentation approach (such as segmentation by cortical endpoints, by waypoint regions of interest (ROIs) or by streamline clustering) (Bain et al., 2019; Reijmer et al., 2012; Zhang et al., 2019) . As in the case of many other white-matter tracts, there is no unanimous agreement on a single approach for the in vivo delineation of the SLF. Moreover, some authors refer to the SLF as a single entity (Christiaens et al., 2015; De Santis et al., 2016 Huber et al., 2018; Kulikova et al., 2016; Lerma-Usabiaga et al., 2019; Rheault et al., 2017; Toga et al., 2006; Wakana et al., 2007) , while others reconstruct each subbundle separately (Fitzgerald et al., 2018; Hecht et al., 2015; Kamali et al., 2014; Makris et al., 2005; Metzler-Baddeley et al., 2017; Rojkova et al., 2016; Wang et al., 2016) . Several works, using post-mortem microdissection and diffusion MRI tractography, have even questioned the existence of SLF-I, suggesting the SLF comprises of only two sub-bundles (De Benedictis et al., 2016; Wang et al., 2016) , or that SLF-II and SLF-III consist of a separate complex from SLF-I (Komaitis et al., 2019) . The use of different cortical parcellations and the lack of agreement regarding the cortical origins and terminations of each SLF sub-bundle probably contribute further to the observed variability in SLF reconstructions in the literature. This variability pertains to the volume of the tracts, their cortical terminations, and their spatial course (Fig. 1 ).
The differences among SLF sub-bundles are not limited to their gross anatomy. Previous studies have reported differences in the fractional anisotropy (FA) along the tracts (Fitzgerald et al., 2018; Galantucci et al., 2011; Langevin et al., 2014; Makris et al., 2005) . FA, which is derived from the diffusion tensor model, measures the anisotropy of the diffusion process within a voxel (Basser and Pierpaoli, 2011) . It is sensitive to local fiber configuration (e.g., crossing of two fiber tract), as well as other geometrical properties, such as the local tract curvature. The results of a recent study suggest that SLF-II and SLF-III might differ in their relaxometry signatures as well (Grotheer et al., 2019; Wiggins et al., 2011) . Here, we tested whether we can capitalize on such local information to identify specific SLF sub-bundles, with a focus on the two established SLF sub-bundles, SLF-II and SLF-III. We have previously shown that a non-diffusion local measure, the myelin-sensitive quantitative T1, can be used to improve the accuracy of in vivo tractography of the optic radiation (Schurr et al., 2018) . Furthermore, we have shown that T1 and diffusion MRI parameters can be used to identify the border between the vertical occipital fasciculus and the adjacent posterior arcuate fasciculus ).
In the current study, we used three independent datasets, and verified that SLF-II and SLF-III differ in their FA signatures. We build on this observation and provide a simple yet robust algorithm for automatically separating SLF-III from the rest of the SLF complex, based on a sharp change in FA at the transition between SLF-II and SLF-III. Next, we tested whether this approach can be generalized using an array of parameters derived from both quantitative MRI measures (T1, T2, T2*, mean diffusivity (MD)) and semi-quantitative measures (T2weighted/T1-weighted ratio (T2w/T1w)). Furthermore, we used another probabilistic tractography method to show that the algorithm can be used to extend an existing protocol for SLF identification, enabling the separation of SLF-III specifically. Finally, based on an analysis of the orientation distribution of fibers crossing the SLF, we suggest that the crossing with other white-matter tracts contributes to the distinct MR signatures of the two sub-bundles.
Figure 1. Variability in tractography delineations of the SLF complex. (A)
Lateral view of a dissected left hemisphere after removal of the frontal, parietal and temporal cortices, revealing SLF-II and SLF-III (adapted from Yagmurlu et al. (2016) ). (B) In vivo tractography reconstructions of SLF sub-bundles by different research groups. Some variability can be seen in terms of the cortical terminations, the tract volume and the proximity between sub-bundles. (C) Other in vivo tractography reconstructions of the SLF complex as a single entity by different research groups. For visualization purposes, images were modified with permission from their original publications to match in color (Thiebaut de Schotten et al. (2011 ), Metzler-Baddeley et al. (2017 ), De Santis et al. (2014 and Pestilli et al. (2014) ).
Methods

Datasets
We used three independent datasets for the main analysis, and an additional fourth dataset for an analysis of scan-rescan reproducibility. In addition to the diffusion-weighted MRI data, the first two datasets included quantitative relaxometry mapping (T1 for both datasets, and in addition T2 and T2* in Dataset 2), and the third dataset included semi-quantitative relaxometry images (T2weighted divided by T1-weighted images). Whole-brain diffusion-weighted MRI data were acquired using dual spin-echo diffusionweighted sequences. Diffusion-weighting gradients were applied at 96 non-collinear directions across the surface of a sphere as determined by the electrostatic repulsion algorithm (Jones et al., 1999) . Data were acquired at a spatial resolution of 2 mm isotropic, with the strength of the diffusion weighting set to b = 2,000 s/mm 2 (TE/TR = 93.60/7,800 ms, G=53 mT/m, δ = 21 ms, ∆ = 25.4 ms). Eight non-diffusion-weighted images (b = 0) were scanned at the beginning of each measurement.
The longitudinal relaxation time T1, as well as the lipid and macromolecular tissue volume (MTV), were calculated from spoiled gradient (SPGR) echo images acquired at four flip angles (α = 4°, 10°, 20°, 30°, TE/TR = 2.4/14 ms) with a spatial resolution of 1 mm isotropic. In addition, spin-echo inversion-recovery (SEIR) scans that are free from transmit-coil inhomogeneity were used as described below. The SEIR data was scanned with an echo-planar imaging (EPI) readout, a slab inversion pulse, and spectral-spatial fat suppression, with TR = 3 s, echo time set to minimum full, and inversion times of 50, 400, 1200, and 2400 ms. The SEIR resolution was 2 mm 2 in-plane with a slice thickness of 4 mm. To minimize spatial distortions, the EPI readout was performed using an acceleration factor of 2.
Dataset 2
We used an independent dataset for replication of our results, previously used in Filo et al. (2019) . The subjects were collected at the Hebrew University of Jerusalem and screened to have no neurological, cognitive or psychiatric disorders. We selected the young adult subjects (n=17; 8 male; mean±STD 27±2 years old, range: 23-31). The experimental procedure was approved by the Helsinki Ethics Committee of Hadassah Hospital, Jerusalem, Israel. Each subject provided written informed consent.
Data were collected at the ELSC neuroimaging unit at the Hebrew University of Jerusalem, Israel, using a 3T Siemens MAGNETOM Skyra scanner equipped with a 32-channel head receive-only coil.
For the diffusion-weighted MRI, we used a similar protocol to that of Dataset 1, with the following changes. The spatial resolution was 1.5 mm isotropic. Diffusion weighting gradients were applied at 64 directions (TE/TR=95.80/6,000 ms, G=45 mT/m, δ=32.25 ms, ∆=52.02 ms).
Eight non-diffusion-weighted images (b = 0) were interspersed between the diffusion weighted volumes. In addition, data included non-diffusion-weighted images with reversed phase-encode blips; these were used to correct for susceptibility and eddy current induced distortions using the topup command of the FDT toolbox in FSL (Andersson et al., 2003) , as described previously (Andersson and Sotiropoulos, 2016) .
For the quantitative T1 mapping, MTV and T2* maps we used a similar protocol to that of Dataset 1, with the following changes. The SPGR images were scanned with TR = 19 ms and five equally spaced echoes (TE = 3.34-14.02 ms), of which only the first was used for T1 mapping. The SEIR images were acquired with TE/TR = 49/2920 ms, with a spatial resolution of 2 mm 2 in-plane and a slice thickness of 3 mm.
For the quantitative T2 mapping, multi spin-echo images were acquired with ten equally spaced spin echoes (TE = 12-120 ms), with TR = 4210 ms. The scan resolution was 2 mm isotropic.
Dataset 3
For the third dataset, we used data from the publicly available Human Connectome Project . We selected the 105 subjects that were used in the original paper by Wasserthal et al. (2018) , and downloaded the data that had been processed using the HCP preprocessing pipeline (Glasser et al., 2013) . The diffusion-weighted MRI data consisted of 90 noncollinear diffusion-weighted directions with a b-value of 2000 s/mm 2 , and six non-diffusionweighted images with a b-value of 0 s/mm 2 , with a resolution of 1.25 mm isotropic. The T1weighted and T2-weighted images had a resolution of 0.7 mm isotropic.
Reproducibility dataset
To test for scan-rescan reliability, we used four subjects (3 male, mean+STD age 25±1, range 23-26 years old) from a separate dataset collected at Stanford University (Gomez et al., 2017) . For these four subjects, the data required for T1 mapping were acquired a year apart, and the diffusion MRI data several months apart.
Diffusion MRI preprocessing and analysis
For datasets 1 and 2, as well as for the reproducibility dataset, subject motion was corrected using a rigid-body alignment, and diffusion gradients were adjusted accordingly. This dual spinecho sequence does not require eddy current correction because it has a relatively long delay between the RF excitation pulse and image acquisition, which allows sufficient time for the eddy currents to dephase. The diffusion-weighted images were linearly transformed to match the orientation of the anatomical T1 map, rendering them in the conventional AC-PC aligned space.
Tensor-based parameter maps of mean diffusivity (MD) and fractional anisotropy (FA) were calculated for each subject. Preprocessing was implemented in MATLAB (MathWorks, Natwick, MI, USA) and is publicly available as part of the Vistasoft git repository (https://github.com/vistalab/vistasoft/tree/master/mrDiffusion; see dtiInit.m).
Quantitative T1 and MTV analysis
For datasets 1 and 2, whole-brain T1 maps were computed as described previously (Mezer et al., 2016 (Mezer et al., , 2013 . In short, SPGR images are automatically transformed to the conventional AC-PC aligned space, and subsequently used to calculate T1 maps of high resolution, which are biased by B1 excite inhomogeneity. SEIR images are used to calculate low-resolution T1 maps, which are unbiased (Barral et al., 2010) . We compared the two maps and used the unbiased SEIR data to correct the high-resolution T1 map, assuming a smooth bias field (for details see Mezer et al. (2016 Mezer et al. ( , 2013 ).
To minimize possible effects of residual B1+ bias, we excluded from further analysis all voxels in which the B1+ bias field was extrapolated or interpolated, and not calculated directly.
For each subject, we also synthesized a T1-weighted image from the multi flip-angle SPGR images. The analysis pipeline for producing the unbiased T1 maps is an open-source MATLAB code available at (https://github.com/mezera/mrQ).
In dataset 1, we used Advanced Normalization Tools (ANTs; Avants et al., 2009;  https://github.com/ANTsX/ANTs) to non-linearly warp (but not downsample) the T1 map to the space of the diffusion MRI data in each subject.
In dataset 2, since the corrected data is free of EPI-related distortion, we aligned it to the imaging space of the T1 map using FSL's FLIRT affine registration (Jenkinson et al., 2002; Jenkinson and Smith, 2001) , rather than using a nonlinear warp, as in the main dataset. In this dataset, we corrected the MTV for T2* effects, using the following formula :
Quantitative T2 analysis
Whole-brain T2 maps were computed by implementing the echo-modulation curve (EMC) algorithm (Ben-Eliezer et al., 2014) , and aligned to the diffusion space with a linear transformation using FSL's function FLIRT (Jenkinson et al., 2002) .
T2-weighted divided by T1-weighted contrast images
For dataset 3, we divided the T2-weighted and T1-weighted images to obtain a T2w/T1w image.
The contrast of this semi-quantitative image is similar to that of a quantitative T1 map, and opposite to contrast of the commonly used T1w/T2w image (Glasser and Van Essen, 2011) .
Taking the ratio of two images removes most of the shared biases, like the receive-coil inhomogeneities.
Tractography of the SLF complex
To identify the SLF complex in each subject, we used TractSeg, a recently published method for identifying white-matter tracts using a fully convolutional neural network (Wasserthal et al., 2018) . In short, we segmented the voxels that correspond to each of the SLF sub-bundles. Then, for each sub-bundle, we calculated its tract orientation map and used it to perform probabilistic tractography with 2000 streamlines per sub-bundle. We combined the three sub-bundles to obtain the SLF complex.
Local MRI profiles of SLF sub-bundles
To study the local MRI signatures of the SLF sub-bundles, we used AFQ to calculate parameter profiles along the sub-bundles (Yeatman et al., 2012) . Here, we describe the procedure for FA. A similar procedure was used for each of the other MRI parameters. First, we clipped all the streamlines between the two waypoint white-matter ROIs defined for SLF segmentation by Wakana et al. (2007) , as implemented by AFQ. Then, we resampled each streamline to 100 equally spaced nodes. For each node, we sampled a FA value from the FA map. We calculated the tract core as the robust mean coordinate of all streamlines per node. The FA tract profile was calculated along the core of the tract as a weighted sum of the FA values of all the streamlines at each node, weighted by the Mahalanobis distance from the core of the tract.
To study the difference between the characteristic FA of SLF-II and SLF-III (∆FA) we averaged the FA values along the tract core for each subject and hemisphere, and performed a one-tailed paired samples Wilcoxon test on the ∆FA values (see Fig. 2 ).
To quantify the laterality of the mean quantitative MRI parameters in each sub-bundle, we calculated the laterality index as:
Quantitative assessment
To quantitatively compare each parameter-based SLF-III with TractSeg's SLF-III, we used two measures of agreement. First, we calculated the voxelwise agreement between the two tracts, using the per-voxel Dice coefficient (Dice, 1945) . The Dice coefficient is defined as:
where A is the set of voxels of one tract, B is the set of voxels of the other tract, and % ∩ ' are the voxels shared by both tracts. Second, we calculated the per-streamline Dice coefficient. In this case, A is the set of streamlines of one tract, B is the set of streamlines of the other tract, and % ∩ ' are the streamlines shared by both tracts.
In addition, we estimated the similarity between the spatial trajectory of the tract core across scans using the mean Euclidean distance between the tract cores (Garyfallidis et al., 2012) :
where [ 4 , 1 , . . . , 2 ] and [0 4 , 0 1 , . . . , 0 2 ] are the series of coordinates that describe the first and second tracts cores, and || / − 0 / || 1 is the Euclidean distance between the i th coordinate of each core. Both cores were resampled to include N=100 nodes and have the same orientation.
Scan-rescan reliability
To assess the scan-rescan reliability of the SLF separation procedure, we repeated the analysis for four subjects who were scanned twice for the entire protocol, using either FA or T1. We quantified the agreement between the resulting SLF-III bundles as above, using the per-voxel Dice coefficient and the mean Euclidean distance between the tract cores.
Separating SLF-III from a probabilistic SLF complex
To apply the algorithm in Appendix A for whole brain probabilistic tractography, we used dataset 1, and incorporated the proposed procedure into the automatic SLF identification protocol of Wakana et al. (2007) , as implemented by AFQ. For each subject, we computed a probabilistic whole-brain tractogram of 500,000 streamlines using anatomically-constrained tractography (ACT) on a constrained spherical deconvolution (CSD) model of the data, with the default tracking parameters as implemented in MRTrix 3.0 Tournier et al., 2019) . For seeding we used the gray-matter-white-matter interface image, which we created based on the warped T1-weighted image. Finally, we used AFQ to extract the entire SLF complex from this whole-brain tractogram. This included a standard cleaning procedure in AFQ, discarding any streamlines whose length was more than four standard deviations above the mean fiber length, or who deviate by more the five standard deviations from the core of the tract.
To separate SLF-III, we used the same procedure as in the main analysis. To quantitatively assess the performance of the algorithm on the probabilistic SLF complex, we calculated the voxel-wise Dice coefficient (see above), only on voxels shared by the two initial sets (the probabilistic SLF complex and TractSeg's SLF complex).
The cortical endpoints of SLF-III
To study the cortical endpoints of SLF-III as identified by different methods, we projected the streamlines' endpoints onto the cortical gray matter using a 3D Gaussian smoothing kernel (5 mm), and then binarized and registered them to FreeSurfer's average cortical surface (fsaverage) using surface-based registration (Fischl, 2012) . We repeated this for TractSeg's SLF-III, the FAbased SLF-III, the T1-based SLF-III and the probabilistic FA-based SLF-III. The cortical endpoints were compared with three cortical parcellations: the Desikan atlas (Desikan et al., 2006) , the Destrieux atlas (Destrieux et al., 2010) and the HCP-MMP 1.0 parcellation (Glasser et al., 2016) , as well as with the projections sites of TractSeg's SLF-II and SLF-III.
The spatial overlap of SLF-II and SLF-III
To assess the spatial overlap of SLF-II and SLF-III, we calculated the voxel-wise Dice coefficient between TractSeg's SLF-II and SLF-III as identified by TractSeg, FA or T1.
The fiber orientation distributions of SLF-II and SLF-III
To test whether the distinct local signatures of SLF-II and SLF-III can be explained by crossing with different white-matter tracts, we studied the fiber orientation distributions in voxels traversed by SLF-II and SLF-III. We used the first dataset and focused on voxels between the two waypoint ROIs used to identity the SLF complex in AFQ. From the CSD model of the data, we extracted the peak orientation of fibers crossing the SLF in each voxel using the MRtrix functions fod2fixel and fixel2voxel . To focus on the orientation of non-SLF fibers, we chose the maximal peak orientation which was not oriented along the posterioranterior y axis. Then, we calculated the angle θ z between the peak orientation and the z axis (which is approximately the orientation of the B0 field), and the angle θ x between the peak orientation and the x axis (the medial-lateral axis). A small θ z reflects ventral-dorsal fibers, such as the corona radiata fibers in this region, while a small θ x reflects medial-lateral fibers, such as the corpus callosum fibers in this region.
Results
FA signatures in SLF sub-bundles
We used TractSeg to identify the three SLF sub-bundles in all subjects. Across datasets, we found that SLF-II and SLF-III show distinct FA profiles throughout their length, with higher FA in SLF-III ( Fig. 2 ; Table 1 ). To test this effect at the single subject level, we calculated the difference between the mean FA along SLF-III and SLF-II (∆FA; Fig. 2 
FA-based identification of SLF-III
Next, we tested if the local microstructure signature allows for an automatic separation of SLF-III from the SLF complex in each subject (see Fig. 3 and Appendix A for the algorithm). We merged the three SLF sub-bundles into a single spatially continuous set of streamlines (the SLF complex). Figure 3B shows the resulting SLF complex in one subject, colored by the median FA along their length. We noticed that the ventro-lateral streamlines are characterized by higher FA values (Fig. 3B') . We defined the border between SLF-II and SLF-III at the point of sharpest increase in FA values along the mediolateral axis ( Fig. 3B', arrow) . The result is the FA-based SLF-III (Fig. 3C ). We find that this SLF-III is very similar to SLF-III as identified by TractSeg ( Fig. 3C, inset) . Supplementary Figure 1 shows multiple coronal sections of the FA-based SLF-III in the same subject. Hence, using this automatic procedure (Appendix A), we successfully separated SLF-III from SLF-II in the three independent datasets based on the microstructural signatures measured in each individual.
In contrast, inspection of the SLF streamlines revealed that TractSeg's SLF-I and SLF-II are highly intermingled ( Fig. 3 A,A' ). This extensive spatial overlap precludes the definition of a separating border between the two. Interestingly, we note that across subjects and datasets, the most medial portion of TractSeg's SLF-I, which does not overlap SLF-II, is characterized by higher FA values (Fig. 3B') . in (B') . The white arrow marks the point of sharpest increase in FA, where the separating border between SLF-III and SLF-II is chosen. (C) The FA-based SLF-III is very similar to SLF-III as defined by TractSeg (inset). (C') The filled circles are colored according to the FA-based separation. For a similar visualization of the T1-based procedure, see Supplementary Figure 3 . 
Quantitative assessment of the FA-based SLF-III
To assess the performance of the proposed procedure quantitatively, we estimated the agreement between the FA-based SLF-III TractSeg's SLF-III (Table 2) . We found high agreement between the two tracts in terms of the Dice coefficient values, both at the streamline level ( Fig. 5A) and at the voxel level ( Fig. 5B) . Similarly, we found small values for the mean core distance between the FA-based SLF-III and TractSeg's SLF-III (Fig. 5C ). 
FA
Table 2. Quantitative comparisons of parameter-based SLF-III and TractSeg's SLF-III.
For each dataset, data is presented in terms of mean±STD for voxel-wise Dice, streamline-wise Dice, and mean Euclidean distance between the tracts cores. voxels overlap (B) . Results are shown for dataset 1 (n=64 hemispheres), 2 (n=34 hemispheres) and 3 (n=210 hemispheres 
Figure 5. Quantitative comparison of local-parameter-based SLF-III with TractSeg's SLF-III. (A-B) Boxplots show the Dice coefficient, quantifying the agreement between the SLF-III as identified by different MRI parameters (x-axis) and TractSeg SLF-III, in terms of streamlines classification (A) or
Separating SLF-III using other MRI parameters
We evaluated whether SLF-II and SLF-III differ in MRI-derived parameters other than FA. Table 1 and Supplementary Figures 4-7 show that the relaxometry signatures (T1, T2, T2* and T2w/T1w) were lower in SLF-III compared with SLF-II. In contrast, MD and MTV did not show a consistent difference between the two tracts across datasets. On average, SLF-III showed greater MD in datasets 1 and 2, but lower in dataset 3; MTV was lower in SLF-III in dataset 2, but similar to SLF-II in dataset 1. The mean parameter values in SLF-II and SLF-III are reported in Table 1 . The right-and left-hemisphere values, as well as laterality indices of these quantitative MRI parameters, are reported in Supplementary Tables 1-2. Next, we applied the algorithm for SLF-III separation using each of the MRI-derived parameters. Figure 5 and Table 2 
Scan-rescan reproducibility
To verify that the proposed procedure is reproducible, we used FA to separate SLF-III in four subjects with scan-rescan data. We successfully identified SLF-III in all eight hemispheres (Sup. Figs. 10-13 ). The separation was successful, as indicated by the voxel-wise Dice coefficients with TractSeg's SLF-III (Sup. Table 3 ).
To compare the results between scans, we calculated the voxel-wise Dice coefficients for each pair of FA-based bundles. The mean±STD values were 0.75±0.04. The resulting bundles also had very similar trajectories, with low values of mean Euclidean distance between tract cores (mean±STD 1.6±0.8 mm). Similar results were obtained for the T1-based separation (Sup. Figs.
14-17; Table 2 ).
Applying the SLF separation to a probabilistic candidate set
To demonstrate the applicability of the proposed procedure in other initial tractographies of the SLF complex, we used the first dataset (n=64 hemispheres). Specifically, we aimed to refine an existing protocol for identifying the entire SLF complex based on a waypoint ROIs approach (Wakana et al., 2007; Yeatman et al., 2012) , as implemented with probabilistic tractography (e.g.: Caiafa and Pestilli, 2017; Grotheer et al., 2019; Huber et al., 2018; Lerma-Usabiaga et al., 2019) . Figure 6 show the results of the FA-based separation in four example subjects (see Sup. Fig. 18 for the T1-based separation). The trajectory of the resulting tracts is very similar to that of TractSeg's SLF-III. The most evident difference between the two tractography methods is close to the cortex, where the probabilistic tractography allows for more freedom in the streamlines endpoints ( Figs. 6-7) . This is also evident in the coronal sections of the probabilistic FA-based SLF-III (Sup. Fig. 2 ; same subject as in Sup. Fig. 1 ). This is expected given that TractSeg was trained on white-matter bundles that were defined based on their cortical terminations in TractQuerier (Wassermann et al., 2016) . We found similar values for the voxelwise Dice coefficients using FA (mean±STD 0.73±0.11) or T1 (0.72±0.08). These results indicate that the proposed SLF-III separation procedure can be used on other tractography results of the SLF complex (other than TractSeg's).
Figure 6. Separating SLF-III from a probabilistic SLF complex using FA in four example subjects. Left:
The probabilistic SLF complex, identified using a two waypoint ROIs procedure. Each streamline is colored according to its FA-Mdn, as in Figure 3 . Middle: The resulting SLF-III. Right: TractSeg's SLF-III.
The cortical endpoints of SLF-III Figure 7 shows heatmaps of the cortical endpoints of SLF-III, as identified using different methods. The cortical endpoints of TractSeg's SLF-III agree well with the ROIs of the Desikan atlas. This is expected, as TractSeg's neural network was trained on SLF sub-bundles that were defined based on this cortical parcellation. Interestingly, while the same ROIs were used in both hemispheres, we found that SLF-III projects to area pars orbitalis only in the right hemisphere ( Fig. 7) . This is in agreement with Wang and colleagues (2016) , that found connections between the supramarginal gyrus and pars orbitalis only in the right hemisphere (and only in 3/10 subjects). Notably, using probabilistic tractography with waypoint ROIs, SLF-III projects only to the posterior part of the supramarginal gyrus, rather than to all of it. This difference can be traced back to the posterior waypoint ROI as defined by Wakana and colleagues (2007) , which filters out streamlines ending anterior to it in the parietal lobe (Sup. Fig. 19 ).
In terms of agreement across tract delineation methods, in the left hemisphere, the cortical endpoints of the FA-based SLF-III are almost identical to those of TractSeg's SLF-III, indicating that FA is useful for identifying the border between SLF-II and SLF-III. Interestingly, in the right hemisphere, the FA-based SLF-III projects to additional cortical regions, which are associated with SLF-II ( Fig. 7C-D) : the angular gyrus in the parietal lobe and the inferior frontal sulcus. As expected, the probabilistic FA-based SLF-III covers a wider area of the cortical surface, and is less consistent across subjects. Notably, probabilistic tractography allows the SLF-III streamlines to reach the central sulcus, the precentral gyrus and the postcentral gyrus ( Fig. 7, right) . Very similar results were obtained for the T1-based separation of SLF-III (data not shown). Supplementary Figures 20-21 show the cortical endpoints of SLF-III with respect to the Destriuex atlas (Destrieux et al., 2010) and the HCP-MMP1.0 atlas (Glasser et al., 2016) , respectively. Dataset 1 (n = 32) , overlaid on the inflated average cortical surface in MNI space. (A-B) SLF-III endpoints with respect to the Desikan atlas (Desikan et al., 2006) . As expected, TractSeg's SLF-III projects consistently to the regions of interest (ROIs) used to train TractSeg's neural network. The FAbased SLF-III is a subset of TractSeg's SLF complex, and presents similar cortical endpoints. Notably, in the right hemisphere, it also projects to the angular gyrus, which is considered a projection site of SLF-II. The FA-based SLF-III that was derived from whole-brain probabilistic tractography presented more wide-spread cortical endpoints. (C-D) The cortical endpoints of SLF-III compared with the projection sites of TractSeg's SLF-II and SLF-III. For the partial cover of the probabilistic SLF-III in the supra marginal gyrus, see Supplementary Figure 19 . For comparison with additional atlases, see Supplementary Figures 20-21 
Figure 7. The cortical endpoints of SLF-III. The cortical projections of SLF-III as identified by different methods in
The spatial overlap of SLF-II and SLF-III
While the proposed method is based on a strict separation between SLF-III and SLF-II in the coronal plane of separation (Fig. 3) , it is still possible that the two sub-bundles overlap in other parts of their trajectory. Indeed, we found that TractSeg's SLF-II and SLF-III overlap, as indicated by their voxel-wise Dice coefficients (mean±STD 0.11±0.04, 0.11±0.04 and 0.09±0.05, for Datasets 1-3, respectively; see example in Sup. Fig. 1 ). We found a greater overlap of SLF-II 
The fiber orientation distributions of SLF-II and SLF-III
Previous studies in the rhesus monkey suggested that SLF-II, but not SLF-III, crosses the corona radiata (Schmahmann and Pandya, 2006b; Figure 13-3 there) . We therefore hypothesize that the difference in their microstructural signatures (e.g., lower FA in SLF-II), can be attributed to the crossing of SLF-II with the vertical fibers of the corona radiata. To test this hypothesis, we studied the orientation distribution of fibers crossing the SLF. Figure 8 shows two-dimensional histograms summarizing the peak fiber orientation distributions of crossing fibers in voxels of SLF-II and SLF-III. Indeed, voxels in which the peak orientation of crossing fibers was close to the z axis (within 45⁰) constitute 55% of the voxels in SLF-II, compared with only 26% in SLF-III. In other words, SLF-II (but not SLF-III) has many crossing fibers oriented ventro-dorsally. Figure 8. The peak fiber orientation distribution (FOD) of fibers crossing the SLF complex. (A) The two-dimensional histograms show the orientation distribution of all voxels traversed by either SLF-II (left) or SLF-III (right) pooled across all subjects in dataset 1. Each point marks a certain angle of the peak orientation with respect to the x-axis and z-axis. The fraction of voxels with more ventral-dorsal orientation (red blue triangle) is greater for SLF-II (55%) than in . This can also be appreciated in the coronal slices (insets), showing the fiber orientation distributions in a cross section of SLF-II and SLF-III in an example subject. (B) Two-dimensional representation of SLF streamlines in eight representative hemispheres (as in Figure 3 ). Each point represents a single streamline. Top: Each streamline is colored by the mean peak orientation of fibers crossing the SLF along this streamline (and not the main SLF orientation). Bottom: Each streamline is colored by its SLF sub-bundle. Evidently, SLF-III streamlines are predominantly crossed by medial-lateral fibers, while SLF-II streamlines are crossed more by ventral-dorsal streamlines.
Discussion
Using in vivo diffusion MRI tractography in three independent datasets, we showed that two subbundles of the SLF have distinct signatures in various MRI-derived parameters. In particular, SLF-III shows systematically higher FA and lower T1, T2, T2* and T2w/T1w values compared with SLF-II. Based on this observation, we developed an automatic procedure for determining the border between the two sub-bundles, thereby separating SLF-III from the SLF complex. This data-driven procedure is complementary to the use of neuroanatomical landmarks, and draws on MRI-derived parameters that are measured within an individual subject. Using an additional dataset of four subjects with scan-rescan data, we confirmed that the delineation of SLF-III using FA or T1 is reproducible. Finally, we studied the cortical endpoints of SLF-III as identified using different methods, and their relation to commonly used cortical parcellations. While protocols for the in vivo identification of the entire SLF complex as a single entity are still widely used (Christiaens et al., 2015; De Santis et al., 2016 Huber et al., 2018; Kulikova et al., 2016; Rheault et al., 2017; Toga et al., 2006; Wakana et al., 2007) , the distinct signatures we report here provide additional support for the definition of these sub-bundles as distinct entities. Our results suggest that SLF-II and SLF-III should be considered separately, especially when studying their microstructural properties.
In early accounts, the term SLF was interchangeably used with the term arcuate fasciculus (Schmahmann and Pandya, 2006b) . In the 1980's, autoradiographic tract-tracing studies in the rhesus monkey established the differentiation of SLF from the arcuate fasciculus, and suggested that the SLF comprises of three sub-bundles (Petrides and Pandya, 1984; Schmahmann and Pandya, 2006b) . Reports from neuro-cognitive studies and neurological disorders also supported the differentiation of these tracts (Fitzgerald et al., 2018; Makris et al., 2008; Parlatini et al., 2017; Thiebaut de Schotten et al., 2011; Yamasaki et al., 2017) . Nevertheless, the distinction between the arcuate and the SLF is not resolved yet. While the arcuate is classically considered a temporo-frontal fasciculus, some authors suggest that it consists of three segments, including a parieto-frontal connection termed "the anterior indirect segment of the arcuate fasciculus" (Catani et al., 2005) . The parieto-frontal connectivity of the anterior arcuate resembles that of SLF-III to such extent, that some authors suggest that the two terms describe a single pathway:
while the term anterior arcuate is used in the context of language, studies of spatial functions refer to the same tract as SLF-III (Mandonnet et al., 2018) .
To assess the proposed separation of SLF-III, we used the predefined sub-bundles of TractSeg's tractography as reference (Wasserthal et al., 2018) , and found good agreement in terms of spatial overlap and cortical projection sites. In addition, we verified that the proposed procedure can be used to subdivide the SLF complex using another, probabilistic, initial tractography ( Fig. 6 ; Sup. Fig. 18 ). Specifically, we used the SLF segmentation protocol of Wakana et al. (2007) , as implemented in AFQ (Yeatman et al., 2012) . The original protocol of Wakana et al. (2007) was designed for deterministic diffusion-tensor tractography, and is most likely to result in the SLF-III sub-bundle, and possibly some streamlines that correspond to SLF-II (Lebel et al., 2012) .
When used with CSD signal modelling and probabilistic tractography, the same protocol results in a more extensive bundle of the entire SLF complex (Bullock et al., 2019; Caiafa and Pestilli, 2017; Huber et al., 2018; Lerma-Usabiaga et al., 2019) . While this probabilistic representation of the SLF complex is more complete, it has the disadvantage of pooling together all SLF subbundles. By incorporating subject-specific local MRI information, we provide a tool to extend the existing protocol, and automatically identify the probabilistic SLF-III.
What could explain the distinct signatures of SLF-II an SLF-III across MRI parameters? It is tempting to interpret these differences as differences in the tracts' microstructural properties. For example, T1 is sensitive to myelin content, and T2* is sensitive to iron content (Langkammer et al., 2010) . However, given the prevalence of complex fiber configurations in the human brain (e.g., fibers crossing; Jeurissen et al., 2013) , one must keep in mind that the local MRI parameters in a voxel reflect the influence of all fiber populations that traverse it. In the case of SLF-II and SLF-III, a combination of factors can explain the observed differences in MRI parameters. Indeed, FA is highly sensitive to the orientation distribution of the underlying axons (Caan et al., 2010; Jeurissen et al., 2013; Jones et al., 2013) , which could explain the lower FA in SLF-II. Relaxometry time constants, such as T1, are also affected by all axonal populations within a voxel (De Santis et al., 2016) . This is particularly important for SLF-II, as evidence (2019)). The crossing of these tracts, along with fibers of the corpus callosum, occurs in a region called the centrum semiovale, which has typically low FA compared to its environment. Indeed, Mito et al. (2018) found that in patients suffering from Alzheimer's disease, there is an abnormal increase in FA in the centrum semiovale, due to degeneration of SLF fibers and preservation of the corticospinal tract and corpus callosum. Analysis of the pattern of crossing fibers in SLF voxels (Fig. 8) suggests that the observed microstructural values of SLF-III are affected by crossing with corpus callosum fibers, while in SLF-II, they are more affected by fibers of the corona radiata. This mixing of fiber populations would contribute to the observed trend of lower T1 in SLF-III, as confirmed by a study that disentangled the T1 values of the fiber tracts in this region (De Santis et al., 2016) . De Santis and colleagues found that the lowest T1 values in this region are in the corpus callosum fibers (~900 ms), and the highest T1 values (~1060 ms) are in fibers of the corticospinal tract (part of the corona radiata). These differences, in turn, could be explained by a combination of microstructural differences (such as distinct myelin contents), and orientation differences. As they cross SLF-II, the projection fibers of the corona radiata have a ventral-dorsal orientation. This is particularly relevant for the case at hand, since the relaxation times T1, T2* and T2 have been shown to depend on the fibers' orientation with respect to the main magnetic field, B0: when the fibers are oriented along B0, their relaxation time constants are longer (Lee et al., 2017; Schyboll et al., 2018) . Lee and colleagues (2017) have shown that a combination of myelin content and orientation with respect to B0 can explain the observed difference in T2* values between the corona radiata and what they refer to as SLF+, which seems to include mostly SLF-III voxels. Similar results were reported by Wiggins et al. (2011) .
They scanned a human subject at 7T at two perpendicular head positions, and found that the difference in T2* between the medial and lateral regions of the centrum semiovale changes signs as the head is moved from one position to the other. We therefore suggest that the observed difference in MRI parameters between SLF-II an SLF-III is driven mainly by the crossing of SLF-II with the ventral-dorsal fibers of the corona radiata. Hence, while the centrum semiovale is often given as an example for the challenges of tractography in crossing regions, here we capitalize on the unique microstructural properties in this region to automatically identify SLF-III at the level of individual subjects.
While previous studies have compared SLF sub-bundles in terms of their diffusion-based parameters, this study presents the first extensive comparison in terms of the sub-bundles' relaxometry time constants. A similar finding in terms of T1 values can be found in a recent study that used functional MRI to identify two sub-bundles within the SLF, one associated with adding numbers and the other with reading (Grotheer et al., 2019) . The two sub-bundles are characterized by distinct T1 signatures, with lower T1 in the ventrolateral sub-bundle. The authors restricted their analysis to SLF streamlines originating in the supramarginal gyrus, which are commonly referred to as SLF-III. Nevertheless, according to visual inspection of their results, it is possible that their SLF also includes part of SLF-II. Indeed, a recent in vivo tractography study found that SLF-II fibers can also originate from the supramarginal gyrus (Wang et al., 2016 ). This claim is also supported by post-mortem dissections (Wang et al., 2016) . Therefore, the results of Grotheer and colleagues (2019) likely support our findings regarding the microstructural difference between SLF-II and SLF-III, and add an important layer of functional segregation within the SLF complex.
Here, we focused on separating SLF-III from the rest of the SLF complex. It might also be possible to use a similar approach to separate a dorso-medial subset of SLF-I from the SLF complex. However, there is some controversy in the literature regarding SLF-I. Some authors have questioned the existence of SLF-I, suggesting that it might be part of the cingulum tract (Komaitis et al., 2019 ; but see Wang et al., 2016) . The anatomical relations of SLF-I and SLF-II are also disputed. While SLF-I and SLF-II overlap in TractSeg's segmentation, some authors claim that the two tracts are in fact separated by the corona radiata (Komaitis et al., 2019; Monroy-Sosa et al., 2019; Wang et al., 2016) . While some post-mortem dissection studies have attempted to characterize the anatomy of SLF-I and its relation to other white-matter tracts, they also acknowledge that dissection techniques are limited in these regions of multiple fiber crossing (Komaitis et al., 2019) .
Different approaches exist for delineating white-matter tracts in tractography studies. Common to all of them is the reliance on a priori knowledge regarding the macro-anatomical properties of the tract in question. Most commonly, specific tracts are identified based on their cortical endpoints, the white-matter regions they pass through, or their geometrical similarity to atlasdefined tracts (see detailed discussion in O' Donnell et al. (2013) and Wasserthal et al.(2018) .
Here we used TractSeg, a new method that builds on a fully convolutional neural network that was trained on semi-automatic segmentations of multiple white-matter tracts (themselves defined using macro-anatomical inclusion and exclusion criteria). We suggest to complement the macroanatomical information with local MRI parameters: the quantitative diffusion-based FA, the quantitative relaxation times T1, T2 and T2* and the semi-quantitative relaxometry T2w/T1w image. By assuming a consistent signature in one tract compared to another (in this case SLF-II and SLF-III), we have shown that nearby tracts can be separated from each other in a data-driven subject-specific manner. While the sensitivity of FA to fiber crossing seems to play an important role in the proposed application, other diffusion-based parameters that estimate tract-specific parameters may also prove useful. Specifically, microstructural parameters derived from mixture models (Caan et al., 2010; Cabeen et al., 2016; Mishra et al., 2014) or from spherical deconvolution methods (Dell'Acqua et al., 2013) could shed more light on the specific differences between SLF-II and SLF-III, by disentangling them from the effects of crossing fibers. The current results extend our previous work on separating the vertical occipital fasciculus from the adjacent posterior arcuate fasciculus and on filtering false-positive results in the tractography of the optic radiation (Schurr et al., 2018) . These studies validate the assumption that multiple quantitative microstructural measurements can improve white-matter tract identification (Daducci et al., 2016) . The choice of the specific combination of macro-and microstructural conditions for tract identification affects the resulting tract (Bain et al., 2019) , and depends on the research question. For example, adding the cortical projection sites as a condition for identifying SLF sub-bundles will result in more conservative estimates of the tracts, but will not allow to study their cortical projection sites per se.
The study of white-matter tracts, their function and their implications in disease has advanced tremendously over the past decades (Wandell, 2016) . While detailed protocols and automatic methods exist for the identification of major white-matter tracts, the literature still shows variability in the results of such techniques, due to different methodological choices (see Fig. 1 for example). Studies of human cortex have long acknowledged the importance of using reproducible definitions of specific regions of interest. This has led to the development of cortical atlases that provide parcellations of the two dimensional cortical surface. Recently, a cortical atlas that integrates information from multiple levels -functional-, diffusion-and structural MRI -has been proposed (Glasser et al., 2016) . The current study provides more evidence that a similar multi-modal approach can greatly benefit the study of human white matter.
5.1. We eliminated gross outliers using the standard cleaning procedure in AFQ, discarding any streamlines whose length was more than four standard deviations above the mean fiber length, or who deviate by more than five standard deviations from the core of the tract.
5.2. We removed outlier streamlines in terms of their FA signature, by eliminating streamlines whose FA-Mdn deviates by more than two standard deviations from the mean FA-Mdn across the tract.
